Human and medical resources in the Spanish primary health care centres are usually planned and managed on the basis of the average number of patients in previous years. However, sudden increases in patient demand leading to delays and slip-ups can occur at any time without warning. This paper describes a predictive model capable of calculating patient demand in advance using geospatial data, whose values depend directly on weather variables and location of the health centre people are assigned to. The results obtained here show that outcomes differ from one centre to another depending on variations in the variables measured. For example, patients aged 25-34 and 55-65 years visited health centres less often than all other groups. It was also observed that the higher the economic level, the fewer visits to health centres. From the temporal point of view, Monday was the day of greatest demand, while Friday the least. On a monthly basis, February had the highest influx of patients. Also, air quality and humidity influenced the number of visits; more visits during poor air quality and high relative humidity. The addition of spatial variables minimised the average error the predictive model from 7.4 to 2.4% and the error without considering spatial variables varied from the high of 11.8% in to the low of 2.5%. The new model reduces the values in the predictive model, which are more homogeneous than previously.
Introduction
Current ways to improve health systems are increasingly using spatial variables, e.g. Croner (2003) used data from the Internet and tools based on geographic information systems (GIS) to manage human resources with regard to health, while Gonçalves et al. (2014) dealt with the optimal location of a hospital comes. When applying geospatial approaches, the dimension of the resources examined, a key issue in health systems planning, often comes to the fore. Generally, the resources needed in a primary health care centre are quantified from historical data regarding the services required. Thus, the strategy adopted by those responsible for the management of the health resources is commonly based on the average number of patients received, i.e. the patient flow. This policy is appropriate if the demand for health care fully depend on such calculations. However, a sudden increase in demand would result in the health centre not being able to attend all patients requesting its service. This leads to delays and slipups, e.g., patients cannot get their appointments as scheduled, doctors' agendas collapse and emergencies are more difficult to handle then otherwise. Research, such as that by Lichtner et al. (2013) , highlights the importance and necessity of efficient planning, competent management and expert use of resources in health services. Indeed, adequate resources management in primary health care leads to higher score for patient satisfaction and reduces health care costs and drug prescriptions (Starfield, 1992) . The definition of quality health care has been analysed from different points of view as summarised by Campbell et al. (2000) . The bottom line is to provide the services needed when required by the patient and using the most appropriate tests and procedures to achieve the results expected without delay. The research described in this paper thus deals with access to health centres indicating the ways and means needed to improve overall outcomes and the delivery of primary health care services by focusing on delivery and management of health services and the medical resources available in the city of Jaen, in Andalusia, south Spain.
Background
In order to know in advance health centres' needs with respect to human and material resources, the University of Jaen, Andalusia (located in southern Spain) and the Jaen Health District have recently collaborated on a data mining study to predict patient flows distinguishing between the medical the administrative requirements (Cubillas et al., 2014) . This study was undertaken with historical data from the latest five years. The first four years were used to design de prediction model that was finally validated using data from the fifth. Data mining algorithms, such as minimum description length (MDL) (Grünwald, 2003) , were used in the study to determine the weight of each attribute used on the target attribute, in particular the total number of patients attended to in the health care centre. Also, multiple regression algorithms such as the generalised linear model (GLM) (Dobson and Barnett, 2002) and the support vector machine (SVM) (Cortes and Vapnik, 1995) with linear kernel and Gaussian kernel were used for predicting the number of patients, who needed attention by the health centres in the city of Jaen. The model estimated analyses how meteorological and air pollution factors affect the patient flow. This predictive model is capable to accurately determine the global number of patients attended to in the health centres, but when used to predict the influx of patients to a specific centre, it was not as accurate as anticipated. In fact, the prediction obtained for each health centre showed different levels of accuracy (Table 1) . In this case, the error for each health centre is calculated from the difference in absolute value between the number of patients attending in each health centre and the number of patients predicted from the model without using spatial variables. The differences in the error values between health centres, presumably due to local factors inherent to each health centre, were considered in the previous study (Cubillas et al., 2014) but must be taken into account for the model to be useful (Beltrán-Sánchez et al., 2015) . Therefore this is the reason why such predictive model works well when global information about the total health centres of Jaen is needed, since overall mean values of the city of Jaen are introduced. With this model, it is not possible to make a correct prediction influx of patients to a particular health centre. Since, as seen above, this model does not consider local factors that influence each health centre particularly. These types of factors are what we call in this paper as spatial variables.
New contribution
The design of the new model is similar to the model mentioned in the background section. Also the periods of time considered are the same. The main goal of this research was to determine to what extent the use of spatial variables improves the model. To make this comparison, it is necessary to use the previous model with and without the spatial variable during the same period of time. To do so, we increased the level of detail and precision of the previous, predictive model to obtain valid information about each health centre. In order to undertake valid decisions about the management of each individual health centre, a new predictive model was generated. This implies the definition of all the variables that influence patients living within the service area of each health centre to visit it. In other words, we focused on the local factors that determine the physical particulars of the vicinity around the different centres. Variables such as the type of population classified according to age, is an important variable indicating the different health needs of paediatric, young and geriatric clienteles (Schäfer et al., 2012) . Another factor to be considered is the economic level of the area. In theory, a wealthy area would have a greater number of patients with private health insurance. Usually these people also tend to have a higher cultural level and therefore can more easily access health information, which may sometimes reduce visits to the local doctor. In addition, people with better economic and cultural levels usually have a healthier life style resulting in less disease in the long term. Finally, weather variables, such as temperature and relative humidity, should also be considered. Specific interpolation algorithms allowed us to obtain the needed, specific values for each location. In short, the design of a new predictive model would depend crucially on the local spatial variables.
Materials and Methods

Study area
Each primary health care centre covers a specific health district in Jaen, which means that each centre serves only the population resident in its district. Each district is comprised of census tracts, which are administrative boundaries of the city conducted by the local government. In the city of Jaen, seven health districts serve the entire population slightly more than 116,000 people covering around 6.58 km 2 . The digitised map of the city of Jaen served as the baseline cartographic information that was integrated into a GIS by use of MapInfo Professional v.11 (MapInfo, 2013) . The cartographic basis of the health districts was digitised in addition to the census tracts for each district ( Figure 1 ).
Type of patient data
The predictive model created for this study is based on data from the four years 2007-2010 plus the 2011 data, which were used to validate the calculations and the model output with special reference to the predicted and real values from 2011. We considered the number of patients treated each day at the health care centres during those years, and in order to increase the level of detail of the predictive model, a study of the particular spatial variables involved was also included. The variables for each health centre were recorded with reference to: the type of patient by classification according to age, distinguishing between geriatric, young and paediatric population; the economic level of the service area of the health centre; and the weather variables temperature and relative humidity collected for each health district area for each day during the period considered. These data come from weather stations located in the city of Jaen (REDIAM, 2014) .
In order to avoid the potential source of error connected with the difficulty obtaining accurate population data, particularly with reference to the age ranges, from the databases at each health centre, we obtained the census tracts from the National Statistics Institute (INE, 2014) . Once all this information had been collected and stored, the number of health centre clients for each health centre was obtained by carrying out specific, spatial queries through the GIS. At this stage each new variable introduced into the database had its own spatial component that were eventually used to generate the prediction model. The percentage of patients by age and economic level were added to each district. The patients assigned to each health centre and classified by age range can be seen Table 2 . The table reveals substantial differences with respect to the age range of the patients between the various health centre service areas under study. For example, Federico del Castillo has 18.4% of the paediatric population, while Belen has only 12.6%. Another important difference is the low percentage of geriatric people using the Fuentezuelas health centre (1.87%) compared with the Virgen de la Capilla centre (5.04%). These differences show that the range age factor should be postulated as an influential factor in the predictive model.
Article
Economic levels
Because of the absence of any kind of indices measuring the economic level of each zone of the city of Jaen, we considered the value of a standard property in each area as a valid rating. A three-room apartment, measuring approximately between 80-90 m 2 floor surface that has access to a garage and a storage room outside, the most common type of property in this city, was therefore used as the standard. We researched this information manually throughout each street and inserted the data found into the GIS database (Figure 2) . By assigning the average value for each street to the corresponding census tract an adequate approximation of the average economic status of patients belonging to each health centre could be made (Table 3) .
Weather variables
Values of the weather variables, such as temperature or relative humidity, were measured at five weather stations located in different parts of the city (Figure 3) . In order to assign these meteorological values to the various health districts, the GIS tools were used. Most of the meteorological variables were mapped or analysed by spatial interpolation techniques, e.g., by application of Kriging spatial interpolation methods (Xuan et al., 2015) .
Although Jaen is not an overly large city, the map of average temperatures and relative humidity shows significant differences between the health districts. The main reason is the orography of the area where the city is located. These differences in environmental values coincide with the different types of population belonging to each health district, which results in health demands varying from one health centre to another. February is the colder month, which means that the demand for health care is high in all health centres. However, as seen in Table 4 , the percentage of patients actually attended to compared with the total number of registered persons in each health district varies from one to another confirming that the different particulars of each health district leads to an uneven demand for health care.
Spatial variables
Knowledge of the role played by the spatial variables in our predictive model is essential to the efforts to improve its effectiveness. Depending on location, these variables have an unequal influence on the outcomes and it is consequently crucial to analyse this issue. Therefore, the MDL algorithm was applied to determine the weight of each variable (Table 5 ). The influence of the new variables on the prediction model is confirmed by the high weights obtained.
Results
With respect to the type of population seeking the attention of the health services, it can be observed that patients from 0-14 years and 75-84 years (the paediatric and geriatric populations) constitute the two groups that most positively influenced the number of medical visits. Out of all groups, patients aged 25-34 and 55-65 were those who influenced the number of visits most negatively, i.e. the groups with the least frequent medical visits (Table 6) .
From the daily point of view, Monday was the day of greatest patient demand and Friday the least. When the months were considered, February had a higher influx of patients than the rest of the year. The average temperature was found to be more influential than the maximum and minimum values. It was also observed that the higher the economic level, the fewer visits to health centres (regression coefficient -0.034). Also the poor air quality factor influenced increased visits to the centres (coefficient 0.008). Finally, relative humidity is also influential, the higher the relative humidity in the zone, the higher the number of patients visiting the doctor.
As a result, the addition of the spatial variables analysed into the pre- (Table 7) . The error of the predictive model without considering spatial variables varied from 11.77% in the health centre of Virgen de la Capilla to 2.54% in Federico del Castillo. Although these values would be accepted as good results the new model improves them in two aspects: it reduces the errors of the predictive model for each health care centre in Jaen, and in addition these values are more homogeneous than those resulted from the previous model.
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Discussion
The study confirms that the most influential factors needed to predict the demand on health centres are the type of population and the economic level in the service area (which are specific for each health centre), followed by more general factors such as month of the year, temperature, environmental quality, relative humidity and the day of the week. Other parameters obtained from the model are regression coefficients, which allow an understanding of the relationship between the current performance at each health centre and the spatial variables as they show how each variable influences patient demand. The regression coefficients in Table 6 have been rescaled in order to clarify the analysis of the influence of each variable. Its four columns contain: i) the attributes of the predictive model; ii) the values of these attributes; iii) the standardised coefficients; and iv) the regression coefficients. The coefficients of this table refer to how many standard deviations (SD) a dependent variable would change per SD increase in the predictor variable. It was felt useful to answer the question of which of the independent variables have the greater effects on the dependent variable in multiple regression analysis when the variables are measured in different units of measurement. The analysis of the standardised coefficients provides an understanding about in which way spatial variables add or subtract patient visits to the health centres.
Article [Geospatial Health 2016; 11:452] [page 353] From a statistical point of view, a relationship between certain environmental, social factors and the number of patients who visit their health care centres has been established. Particularly, the spatial variables are those that best model the peculiarity of each health care centre location. Therefore, in order to make correct decisions in advance about management issues in the health centre, these new variables (age range and economic data) have been taken into account. In this sense, for the environmental variables their spatial component also have been considered as their different values from one place to other have been introduced in the model, instead of considering average values. The economic level is one of the most influential variables. It was determined that the higher economic level the people in the health district have, the fewer the number of visits to the health centre are registered. The main reason may be that most people with high economic level have private health insurance; therefore they do not use the public health services. In addition, people with better economic and cultural levels usually have a healthier living styles and, therefore, have less disease in the long term. Regarding the type of population who attended the health care centre, it was confirmed that the greater the number of people in the 0-14 years old bracket assigned to a health centre, the greater the number of visits to it, while the 25 to 34 years old bracket uses there are fewer medical services demanded. In this sense, health centres with many paediatric people registered will have much more visits than others. Especially, during the critical months in the school period where pandemics like the flu is widespread among children. Nowadays cities have expansion areas where young families with prechildren live, whereas older people, as those in geriatric age, should live in the city centre. These issues reinforce the importance of using local factors better than equal average values for all health care centres in the city. Furthermore, the results obtained show that local variables influence the influx of people to the health centre in a different way from one place to others. Different values for spatial variables provoke differences in patient demands data.
The model developed could be a useful tool for the responsible staff to manage the resources in the health centre, especially the possibility of knowing in advanced some external factors, e.g., environmental variables such as temperature and relative humidity, which can be had at a reasonable level of accuracy one, even two weeks in advance, a situation which contributes to anticipation and planning for resources that will be needed.
This research has been specifically developed using data from the health districts of Jaen, and spatial variables values for these various locations. Nevertheless, the model generated could be adapted to any other place following the methodology described in previous sections. In this sense, the key point is to determine the most influential factors in the model, and the availability of data from at least four or five years back in order to generate an accurate predictive model. In the case of Jaen, we have been able to predict the number of patients who will need medical care with an absolute error of 2.41%.
Conclusions
Provision of accurate data about the number of patients who would visit the health care centre on a specific date in advance is possible with the model generated. The kind of tools presented here facilitates forward planning, the one important aspect of health care management that must be improved. Information gained is indeed critical for resource managers of health centres, as they would need to provide adequate resources for their services in the case of sudden demand. 
